Abstract: Stripe rust, caused by the pathogen Puccinia striiformis f. sp. tritici (Pst), is an important fungal foliar disease of wheat (Triticum aestivum). To study the mechanism underlying the defense of wheat to Pst, we used the next-generation sequencing and isobaric tags for relative and absolute quantification (iTRAQ) technologies to generate transcriptomic and proteomic profiles of seedling leaves at different stages under conditions of pathogen stress. By conducting comparative proteomic analysis using iTRAQ, we identified 2050, 2190, and 2258 differentially accumulated protein species at 24, 48, and 72 h post-inoculation (hpi). Using pairwise comparisons and weighted gene co-expression network analysis (WGCNA) of the transcriptome, we identified a stress stage-specific module enriching in transcription regulator genes. The homologs of several regulators, including splicing and transcription factors, were similarly identified as hub genes operating in the Pst-induced response network. Moreover, the Hsp70 protein were predicted as a key point in protein-protein interaction (PPI) networks from STRING database. Taking the genetics resistance gene locus into consideration, we identified 32 induced proteins in chromosome 1BS as potential candidates involved in Pst resistance. This study indicated that the transcriptional regulation model plays an important role in activating resistance-related genes in wheat responding to Pst stress.
Introduction
Stripe rust, caused by the pathogen Puccinia striiformis f. sp. tritici (Pst), is an important fungal foliar disease of wheat (Triticum aestivum) found in many areas of the world. Although different techniques have been used to control the disease, the use of stripe rust-resistant varieties is the safest, most cost-effective and environmentally-friendly approach. Selection of disease-resistant varieties using traditional methodology is laborious; however, many stripe rust-resistance genes/fragments have been transferred into wheat using traditional intergeneric and interspecific cross strategies [1] . The greatest challenge facing wheat crop breeders is the ability of pathogens to overcome specific resistance due to the narrowing genetic diversity of the germplasm and rapid variation in the stripe rust pathogen [2, 3] Dissecting the disease-resistance mechanism in search of the resistant (R) genes in wheat has become a focus of research. Over the years, numerous comprehensive analyses of stress-induced gene expression in model plants with small genomes have led to the identification of many genes associated with responses to pathogenic stress. To be infective, the pathogen must breach the plant cell wall, and often, the host plasma membrane. In response to pathogenic attack, plants may deploy basal and R gene-mediated defense mechanisms involving the pathogen-associated molecular pattern-triggered immunity (PTI) and/or effector-triggered immunity (ETI) systems [4] . The use of classical genetic techniques to isolate R genes in wheat has met with limited success due to the hexaploid nature of the wheat genome, which is larger and more complex than that of model plants. Wheat-Pst interactions have been investigated using RNA sequencing (RNA-Seq) [5, 6] , GeneChip [7] , cDNA-AFLP analysis, and degradome sequencing [8] . Thousands of functional genes and non-coding genes involved in the responses of wheat to pathogen invasion have been identified in these studies. It is no doubt that more R genes will be detected using new technology, such as Renseq [9] . However, classical genetics studies have shown that the resistant trait is a monogenic control phenotype, making it almost impossible to identify the key R gene from transcription expression profiles. Furthermore, the transcriptional changes detected are not necessarily reflected in the expression of the corresponding determinative proteins due to post-transcriptional, translational, and/or post-translational regulatory mechanisms [10] and the complexity of alternative splicing [11] . As a result, the mechanism underlying wheat resistance activation in response to Pst remains to be fully elucidated.
Proteomics technologies are key tools used to study complex biological processes at the protein level. Examples of such technologies include isobaric tags for relative and absolute quantification (iTRAQ), which has been employed successfully in a plant proteomics studies [12, 13] . In a recent study of changes in the protein expression profiles of wheat resistant to the pathogen that causes powdery mildew (Blumeria graminis f. sp. tritici; Bgt), we detected upregulation of several stressand defense-related proteins in response to infection [14] . This significantly narrowed the number of potential defense-related proteins, which was an important step in the identification of proteins that are critically involved in resistance to Bgt infection. Weighted gene correlation network analysis (WGCNA) is used to delineate both weighted and un-weighted correlation networks using big data. This method can be used to generate testable hypotheses for validating independent datasets, such as the modules associated with receptacle development [15] , macrophage activation and flavonoid biosynthesis [12] . The wheat line N9134 has maintained a high level of resistance to both stripe rust and powdery mildew because of two resistance genes; one located in the short arm of chromosome 1B and the other in the long arm of chromosome 5B, respectively [16] . Transcriptome comparisons in the winter wheat introgression N9134 resistant line revealed activation of various genes involved in antagonizing infection by stripe rust and powdery mildew pathogens [5] . In the present study, the iTRAQ-based quantitative proteomic technique was used to study changes in the protein expression profile of Pst-inoculated N9134 seedling leaves. Furthermore, we narrowed the field of potentially critical resistance genes by creating networks based on merging data generated by RNA-Seq following weighted gene co-expression network analysis (WGCNA) with the results of transcriptome-proteome-associated analysis. The main objective was to identify a spectrum model of wheat resistance activation in response to stripe rust pathogen infection by comparing changes in transcriptomic and proteomic profiles after inoculation with Pst. A complete overview of the organization of the transcriptome was obtained by WGCNA. This method is used to elucidate both the higher-order relationships between genes based on their co-expression as well as groups of biologically-related genes, known as "modules", comprising the core functional units of the transcriptional network. Within each module, the most highly connected or central genes, are referred to as "hubs". Taking the classical genetics resistance gene locus into consideration, we used gene expression patterns and the co-expression relationships to construct the regulative module network of wheat responding to stripe rust infection with an edge weight higher than 0.1. Finally, we delineated a module associated with core transcription processes, including spliceosome and transcript regulator function, in the early stages of the response of the N9134 wheat resistant line to Pst-inoculation.
Results

Global Analysis of iTRAQ Data
A total of 373,661 mass spectra were generated from iTRAQ analysis of Pst-inoculated N9134 leaves. The raw mass data files were deposited in the PeptideAtlas database: PASS00999. After excluding low-scoring spectra, 46,174 unique spectra that matched to specific peptides were obtained. Of these, 12,265 matched with 20,898 unique peptides and 8314 protein species were quantified. These peptides and proteins were further filtered using the following criteria simultaneously: (1) >1.2-fold change in protein expression comparing with control; (2) t-test p < 0.05; (3) differential accumulated expression detected in at least two out of three biological replicates. Compared with the 0 hpi control, 2050, 2190, and 2258 protein species were identified as significant differentially accumulated proteins (DAPs) in the Pst-infected samples at 24, 48 and 72 hpi, respectively ( Figure 1 ). 
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PPI Network Construction for DAPs Induced by Pst Stress
To further investigate the interactions among Pst stress-induced protein-species, DAPs predictively related with defense response to stress/stimulus were integrated with information from STRING database to construct a PPI network (Table S1 ). Three interaction networks were predicted from 56 nodes proteins with the enrichment p-value < 1.0 × 10 16 ( Figure 3 ) at the medium confidence parameter level. Hsp70 was a key protein-species in this powerful PPI network and interacted with SGT1, MDHAR, TCP-1/cpn60 chaperonin, PDIL2-2, ATPQ, SHM3, OASB, TIM, CAT, ERDJ3A, U1A, and U1C. From Figure 3 , we can see the interaction between NHO1 with MDHAR and PR1. This means that Hsp70 may have some interactive relationship with NHO, although the directly interactions was not observed. Additionally, SHM3 and TCP-1/cpn60, acted as protein-folding catalyst activity, were predicted as the second important hub nodes. The other two predicted PPI networks were shown in Figure 3 as well, including ubiquitin-conjugating enzyme E2 and Peroxidase 1/2 interacted with Histone H4 and Peroxidase 7 separately. 
Co-Expression Network Analysis of Wheat Resistance to Stripe Rust
Co-expression network analysis was performed by comparing 21 high-throughput RNA-Seq datasets generated from leaf samples at the four stages under two fungal stress levels with three repeats. For Pst-infected leaf samples, the average number of high quality clean reads per library was approximately 35.99 million 101 bp paired-end reads compared to 37.42 million clean reads from the Bgt-infected samples (PRJNA243835). Based on bread wheat reference transcripts, a total of 66,727, 60,890, 65,482, and 64,243 genes were assembled for samples obtained at 0, 24, 48, and 72 hpi, respectively. Co-expression networks were also evaluated by WGCNA. In the present study, coexpression networks were constructed on the basis of pairwise correlations between Pst stress responsive genes using their common expression trends across all sampled leaves. Modules are defined as clusters of highly interconnected genes; genes within the same cluster have high correlation coefficients, with each tree branch constituting a module and each leaf representing one gene. We identified 79 distinct modules (labeled by different colors), which were merged into 18 main modules with mergeCutHeight of 0.3 ( Figure S2 ). The module eigengene was considered to be representative of the corresponding module's gene expression profile in wheat responding to Pst 
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The Pst-Induced Module Transiently Expresses Genes Enriched in Splicing and Transcription Activity
Among these modules, mediumpurple2 and lightpink4 comprised the most sample-specific expressed genes. These genes were enriched mainly in photosynthesis-antenna proteins, plant hormone signal transduction, amino acid, and carbon metabolism pathways. These results were in accordance with those of previous studies using common enrichment analysis [5] (Table S2 , Figure S3 ). The genes in coral2 module were enriched in ribosome, porphyrin and chlorophyll metabolism, and limonene and pinene degradation KEGG pathways, while the skyblue2 and lightcyan modules consisted of genes enriched in spliceosome, glutathione metabolism, phagosome, ascorbate and aldarate metabolism, and photosynthesis pathways. This result suggested that these five modules represent the primary gene expression module that characterized the specific response of N9134 to Pst race CYR 31 stress.
Of the 18 main modules, the modules containing the genes specifically induced in the early stages (especially in 24 hpi) of Pst infection, mediumpurple2, coral2, and skyblue2, were of particular interest. The mediumpurple2 consisted of 2369 genes. Enriched KEGG pathways responsible for signal transduction and photosynthesis energy pathways were detected in earlier protein enrichment analysis. In the coral2 module, 717 differentially expressed genes (DEGs) functioned in polypeptide translation and compound metabolism. The skyblue2 module contained 316 genes that were not detected in DAP enrichment analysis. The heat map showing the weighted relative FPKM of each gene from the skyblue2 module revealed that many module genes were strongly expressed at 24 hpi with Pst ( Figure 5 ). These genes were enriched in spliceosome, glutathione metabolism, beta-alanine metabolism, arginine and proline metabolism, cysteine and methionine metabolism, ascorbate and aldarate metabolism, and limonene and pinene degradation (p < 0.01). Similar results were also detected in profile 18 by the earlier k-means clustering method ( Figure S4 ). In profile 18, the gene expression pattern was steeply up-regulated at 24 hpi and then returned to levels similar to those of the control. These results suggested that wheat expresses related genes to influence spliceosome function after signal recognition by changing the transcripts to prevent stripe rust pathogen infection. WGCNA was also performed to construct transcription expression gene networks, in which each node represents a responsive gene and the connecting lines (edges) between genes represent coexpression correlations. Hubs consist of the genes that show the most connections in the network. In the skyblue2 module network ( Figure 5C ), 32 out of the 268 genes (37 from 316 loci due to wheat polyploidy) encoded regulators related to transcription. Details of the highlighted genes in the network are shown in Table S3 . Some of the hub genes, including serine/threonine protein kinase, calcium-dependent protein kinase (CDPK) and CBL-interacting protein kinase (CIPK) in signal transduction pathways, RNA-binding Musashi-2-like protein and Ras-related proteins that regulates apoptosis and endocytosis, were defense-related. The spliceosome pathway-related genes were mainly expressed in two patterns as shown in profile 7 and profile 18 with 27 and 20 genes, respectively (Table S4) . Most of the genes in profile 7 showed significant down-regulation at 24 hpi comparing with the levels at 0 hpi, while the expression levels were increased at 48 hpi, and remained stable at 72 hpi; this pattern of expression is hereafter referred to as 'down-up-even'. The expression levels of the genes in profile 18 differed from those in profile 7, with an up-down-even pattern over the 0-72 hpi time period ( Figure S4 ). This result indicated that the spliceosome pathway was dysregulated in wheat variety N9134 at 24 hpi after Pst infection and that spliceosome activation may plays an important role in the mechanism underlying gene activation in wheat resistance to stripe rust.
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Considering that the nodes degrees of U1A and U1C were similarly observed in protein network, we re-constructed a PPI network combining the DEGs in skyblue2 transcription module with defense-related DAPs from proteome data ( Table S5 ). The results showed that Spliceosomal protein U1A, pre-mRNA-splicing factor SYF2, Splicing factor U2af small subunit B, Cleavage/polyadenylation specificity factor, Ribosomal protein S19, Cleavage/polyadenylation specificity factor, and DEAD-box ATP-dependent RNA helicase 21 and RNA helicase 34 were detected in the key hub node with HSP70 together from 69 nodes proteins with the enrichment p-value < 1.37 × 10 11 ( Figure 6 ). The resistance protein, defensin, was interacted with BGL2, CTR1, COI1, and pathogenisis-related protein PR1 directly. Moreover, the indirectly interaction between HSP70 with CDPK6 could be predicted via calcium-dependent protein kinase CPK1 or CDPK1 as an intermedium protein. The KEGG pathways enrichment results showed that the PPI network protein significantly enriched in spliceosome, plant-pathogen interaction, mRNA surveillance, plant hormone signal transduction, and MAPK signaling pathway. This means that splicing activity maybe an important trigger of defense gene against pathogen infection, although the directly interactions networks still need to be verified and further analyzed in following investigations. specificity factor, and DEAD-box ATP-dependent RNA helicase 21 and RNA helicase 34 were detected in the key hub node with HSP70 together from 69 nodes proteins with the enrichment pvalue <1.37 × 10 11 ( Figure 6 ). The resistance protein, defensin, was interacted with BGL2, CTR1, COI1, and pathogenisis-related protein PR1 directly. Moreover, the indirectly interaction between HSP70 with CDPK6 could be predicted via calcium-dependent protein kinase CPK1 or CDPK1 as an intermedium protein. The KEGG pathways enrichment results showed that the PPI network protein significantly enriched in spliceosome, plant-pathogen interaction, mRNA surveillance, plant hormone signal transduction, and MAPK signaling pathway. This means that splicing activity maybe an important trigger of defense gene against pathogen infection, although the directly interactions networks still need to be verified and further analyzed in following investigations. ; U2AF35B, Splicing factor U2af small subunit B; DCP2, mRNA-decapping enzyme subunit 2; AT2G16860, pre-mRNA-splicing factor SYF2; AT2G33730, DEAD-box ATP-dependent RNA helicase 21; AT1G51380, DEAD-box ATP-dependent RNA helicase 34; PRPL28, 60S ribosomal protein L28-1; AT3G49910, 60S ribosomal protein L26-1; AT4G25550, Cleavage/polyadenylation specificity factor; AT3G03000, Putative calcium-binding protein CML18; GR-RBP2, Glycine-rich RNA-binding protein 2; PIL6, Transcription factor PIF5; RPS5, Resistant to p. syringae 5; CDPK6, Calcium-dependent protein kinase 6; PR1, Pathogenesis-related gene 1. Figure 6 . Interaction networks of defense-related DAPs identified by iTRAQ with differential expressed genes in skyblue2 module together. Protein-protein interaction network constituted by DAPs and DEGs identified in N9134 responding to Pst stress. The purples lines represent experimental evidence. The green lines represent gene neighborhood, while the blue lines represent gene co-occurrence database evidence. The yellow lines represent textmining evidence; and the black lines represent the co-expression evidence. HSP70, Heat shock protein 70; U1A, Spliceosomal protein U1A; U2AF35B, Splicing factor U2af small subunit B; DCP2, mRNA-decapping enzyme subunit 2; AT2G16860, pre-mRNA-splicing factor SYF2; AT2G33730, DEAD-box ATP-dependent RNA helicase 21; AT1G51380, DEAD-box ATP-dependent RNA helicase 34; PRPL28, 60S ribosomal protein L28-1; AT3G49910, 60S ribosomal protein L26-1; AT4G25550, Cleavage/polyadenylation specificity factor; AT3G03000, Putative calcium-binding protein CML18; GR-RBP2, Glycine-rich RNA-binding protein 2; PIL6, Transcription factor PIF5; RPS5, Resistant to p. syringae 5; CDPK6, Calcium-dependent protein kinase 6; PR1, Pathogenesis-related gene 1.
Screening for Disease-Resistance Priming Genes in N9134 using Transcriptome-Proteome-Associated Analysis
Screening for Disease-Resistance Priming Genes in N9134 Using Transcriptome-Proteome-Associated Analysis
Most R genes encode proteins containing nucleotide binding and leucine-rich repeat (NLR) domains [17] . A typical plant genome contains hundreds of NLR-encoding genes in each chromosome [18] , with many forming complex clusters. However, in classical genetics, most R genes are known to be responsible for a monogenic control phenotype in which defense-related downstream genes are activated by priming or core control genes/loci. The enriched modules and up-regulated DAPs were screened for R gene regulators by transcriptome-proteome-associated analysis (Figure 7) . The stripe rust R gene is a dominant locus in wheat variety N9134, and located in the short arm of chromosome 1B; therefore, we focused mainly on 1BS annotated candidate genes in the reference genome. In total, 32 candidate genes in chromosome 1BS were up-regulated at the transcript and/or protein level in response to Pst stress; details of these genes are shown in Table 2 . Half of these genes were related to genetic information processing and regulation, plant hormone signal transduction and oxidative phosphorylation. Several peroxisome pathway-related genes, such as the peroxisomal membrane proteins PEX2, PEX14-like and dehydroascorbate reductase, were also identified. Additionally, some genes, including CBL-interacting protein kinase 17, p23 (a co-chaperone of Hsp90), subtilisin-chymotrypsin inhibitor-2A, serine/threonine protein phosphatase PP1 isozyme 9 and SUN domain-containing protein 3-like, were identified as resistance response-related genes. Among this group of genes, SUN domain-containing protein 3-like and ribosomal protein L28 gene had the highest connectivity with other hub genes (1385 and 975.6, respectively). Interestingly, no candidate genes encoding disease-resistant proteins were identified in the definite genomic interval, although 187 resistance gene analogs were detected in gene transcripts in routine RNA-Seq analyses. Considering the interactions of gene loci in classical genetics, this result indicated that the "commander" gene may have the capacity to deploy the resistance-related gene in response to the pathogen infection. Most R genes encode proteins containing nucleotide binding and leucine-rich repeat (NLR) domains [17] . A typical plant genome contains hundreds of NLR-encoding genes in each chromosome [18] , with many forming complex clusters. However, in classical genetics, most R genes are known to be responsible for a monogenic control phenotype in which defense-related downstream genes are activated by priming or core control genes/loci. The enriched modules and up-regulated DAPs were screened for R gene regulators by transcriptome-proteome-associated analysis (Figure 7) . The stripe rust R gene is a dominant locus in wheat variety N9134, and located in the short arm of chromosome 1B; therefore, we focused mainly on 1BS annotated candidate genes in the reference genome. In total, 32 candidate genes in chromosome 1BS were up-regulated at the transcript and/or protein level in response to Pst stress; details of these genes are shown in Table 2 . Half of these genes were related to genetic information processing and regulation, plant hormone signal transduction and oxidative phosphorylation. Several peroxisome pathway-related genes, such as the peroxisomal membrane proteins PEX2, PEX14-like and dehydroascorbate reductase, were also identified. Additionally, some genes, including CBL-interacting protein kinase 17, p23 (a cochaperone of Hsp90), subtilisin-chymotrypsin inhibitor-2A, serine/threonine protein phosphatase PP1 isozyme 9 and SUN domain-containing protein 3-like, were identified as resistance responserelated genes. Among this group of genes, SUN domain-containing protein 3-like and ribosomal protein L28 gene had the highest connectivity with other hub genes (1385 and 975.6, respectively). Interestingly, no candidate genes encoding disease-resistant proteins were identified in the definite genomic interval, although 187 resistance gene analogs were detected in gene transcripts in routine RNA-Seq analyses. Considering the interactions of gene loci in classical genetics, this result indicated that the "commander" gene may have the capacity to deploy the resistance-related gene in response to the pathogen infection. 
Discussion
Splicing Activity May Play an Important Regulatory Role in Plant Responses to Fungi
The Pst pathogen is responsible for significant losses in grain production in the wheat-growing areas with moist climates worldwide. Thus, studies and identification of genes responsible for resistance to Pst infection are both of economic and scientific significance. In the present study, we performed triplicate iTRAQ proteome surveys in young leaves of the winter wheat resistance line N9134 inoculated with Pst. We identified 37 node genes encoding transcription-related regulators in the skyblue WGCNA module at the 24 hpi stage under Pst stress. The production of these regulators in wheat suggests that wheat plant transcriptional activity, including pre-mRNA splicing to form new transcripts and changes in transcript expression levels, may undergo rapid readjustment in response to Pst infection. Specifically, we found versatile elements of the spliceosome in the specific module induced by Pst. The first example is the U1 small nuclear ribonucleoprotein A, which is a component of snRNP protein complexes that interact with cell division cycle 5-like (CDC5L) protein [19] . Second, the splicing factor 3A (SF3A) subunit 3 is a component of the non-snRNP protein SF3A [20] , which is essential for activating the U2 snRNP. Third, pre-mRNA processing factors (PRPF), which are associated with proteins of different snRNPs, such as PRPF8 (a component of both U2-and U12-dependent spliceosomes) [21] , PRPF3 and PRPF4 (associated with U4 and U6 snRNPs) [22] , and PRPF6 (involved in pre-mRNA splicing as a bridging factor between U5 and U4/U6 snRNPs in spliceosome formation) [23, 24] . U1 small nuclear ribonucleoprotein A, SF3A, and PRPFs function in certain spliceosomes to perform pre-mRNA splicing that generates multiple transcript variants encoding different isoforms. The THO complex subunit protein 4 is a nuclear protein and functions as a molecular chaperone. Virbasius et al. postulated that THO complex subunit protein 4 is involved in regulating DNA binding, dimerization, and transcriptional activity of basic region-leucine zipper proteins [25] . The THO complex is also known to play a role in transcription-dependent recombination, transcription itself, and transcriptional elongation [26] . THO knockdown affects the processing of the transcript's 3 -end of transcripts encoding heat shock protein 70 (hsp70) in Drosophila [27, 28] . The THO/TREX complex appears to play functional roles in gene transcription, as well as processing and nuclear export of mRNAs. Furthermore, some proteins of the THO/TREX complex, such as glycine-rich RNA-binding protein 2 (GRP2), are involved in autoregulation. The AtGRP8 homolog promotes the generation of an alternatively spliced transcript containing a premature termination codon to limit functional AtGRP8 protein production [29] . Taken together, our findings represent a platform for further exploration of the upstream genes in the disease defense system in hexaploid wheat and furthermore, may be important in explaining the recent report of the host-pathogen interaction that induces temporally coordinated waves of gene expression in wheat [6] .
Resistance Gene Regulators May Be More Important in Understanding the Pathogen Defense Mechanism in Wheat
In response to the presence of pathogens, plants have evolved innate immune systems to initiate effective defense responses via the PTI and ETI pathways. Accumulation of resistance genes has been reported with notable differences in the mechanisms responsible for Pst-resistance in wheat [5, 30] . In general, Pst-infected host plants and host responses show monogenic control that is typical of classical genetics. Surprisingly, R genes containing classical NLRs in chromosome 1BS were not identified in the wheat resistance line N9134. However, we identified three apparent differences in the mechanisms underlying Pst resistance in wheat. First, the expression pattern of a SUN homolog in wheat leaves correlated with the path of Pst invasion. The plant inner nuclear membrane (INM) Sad1/UNC-84 (SUN) proteins were first identified in Arabidopsis [31] , and two types have been identified; the classical C-terminus SUN proteins (Cter-SUN) and the internal SUN domain (mid-SUN) proteins [32] . The AtSUN-SINE2 complexes are involved in defense against pathogens, plant-microbe symbiosis, and physical stress responses [33, 34] . In this study, up-regulated SUN proteins showed the highest connectivity (up to 1385) with the other hub genes that responded to Pst stress, strongly indicating that SUN proteins play an important role in regulating defense-related genes. Thus, the precise details of the function of SUN proteins in anti-Pst responses warrant further investigation. Second, p32, which is an important co-chaperone for the Hsp90 chaperoning pathway [35] , was found to be significantly up-regulated at the protein level and showed high connectivity (399.7) in the WGCNA network. Hsp90s play key roles in controlling seedling growth and stripe rust disease resistance in common wheat [36, 37] , although a similar role for p32 in wheat-Pst resistance remains to be determined. The third difference consisted of the implication of serine/threonine protein phosphatase 1 (PP1) and calcineurin B-like (CBL)-interacting protein kinase (CIPK) 17 in protection of wheat seedlings against Pst infection. CBLs interact with the conserved NAF domain at the CIPK C-terminus to release the kinase from auto-inhibition [38] . Different CIPKs are recruited competitively by various CBLs to provide versatility in responding to Ca 2+ signals and the subsequent immune responses, such as hypersensitive cell death [39, 40] . Serine/threonine protein phosphatases PP1 and PP2A play key roles in apoptosis, which is a genetically programmed form of cell death [41] . Interestingly, CIPKs interact with PP2Cs by binding the kinase domain of CIPK and the protein phosphatase interacting motif (PPI) in the regulatory domain [42] . Additionally, phytochrome-interacting factor (PIF3), a nuclear helix-loop-helix transcription factor that binds to G-box DNA-sequence elements in light-regulated promoters, was also detected in relation to Pst stress, which is accordance with previous reports of light perception in disease defense signaling and induction of pathogenesis-related genes in wheat [43] [44] [45] . Increased PIF activity has been demonstrated to promote the expression of genes encoding enzymes involved in auxin synthesis [44] . Interestingly, we detected increased expression of auxin-responsive protein IAA15 in the present study. This evidence strongly supports a role for the predicted candidate genes in regulating plant R genes in response to Pst infection.
Several transcriptomes and proteomes have been reported to decipher the mechanism underlying the responses of plants to pathogen stress. Due to limitations in the analytical methods used, previous studies have focused mainly on the downstream genes, including those related to the resistance phenotype and secondary metabolite biosynthesis. By combining the generation of co-expression networks, transcriptome-proteome-associated analysis and classical genetic methodology, we hypothesized the functional roles of the spliceosome complex activity in gene regulation and expression in wheat infected with Pst for the first time. This discovery set the foundation for experimental investigation using applicable reverse genetics resources in wheat [46] , and will be finally beneficial in further elucidating the defense mechanism deployed in wheat against pathogen invasion. We speculate that there are two possible roles for these R gene regulators. First, they may modulate signals that trigger defense responses in both resistant and susceptible plants. R gene regulators are known to exist in the Chinese spring cultivar that is susceptible to Pst CYR 32, but contains the slow rusting resistance gene loci Lr34/Yr18/Pm38 [47] . Second, in the early stages of pathogen invasion, these R gene regulators may differentially activate the defense pathway of the plant through different levels of expression. Our study provides further elucidation of the defense mechanisms deployed in wheat in response to Pst infection and may have wider implications for studies of other plant R genes.
Material and Methods
Plant Materials and Pathogen Stress Treatment
The winter wheat introgression line N9134, which shows high resistance to Pst races CYR 31 with a single resistant genetic locus on chromosome 1BS [5] , was developed at Northwest A&F University (NWAFU). The Pst race CYR 31 was a gift from the College of Plant Protection of NWAFU. Ten-day-old seedlings were brush-inoculated with Pst CYR 31 urediniospores collected from "Mingxian 169" seedlings infected 20 days previously. The wheat landrace "Huixianhong" was used to monitor inoculation efficiency. Following Pst-inoculation N9134 leaf samples (consisting of three biological replicates) were harvested at 24, 48, and 72 h post-inoculation (hpi); mock-inoculated leaves were harvested at 0 hpi. The developmental period of four time points is about from 2.5-leaf to 2.8-leaf stage. All samples were frozen immediately in liquid nitrogen, and were stored at −80 • C. After the monitor varieties Huixianhong were fully sporulating, the samples were used for experiment.
Protein Extraction, iTRAQ Labeling, and LC-ESI-MS/MS Analysis
Total proteins were extracted from leaf tissue samples at the four stages using the optimized extraction procedure described by Fu et al. [14] . Protein samples (100 µg) were digested with Trypsin Gold (Promega, Beijing, China) solution (protein:trypsin, 30:1) at 37 • C overnight. The resultant peptides were then dried by vacuum centrifugation, reconstituted in 0.5 M tetraethyl-ammonium bicarbonate and processed with the 8-plex iTRAQ reagent according to the manufacturer's protocol. Peptides were labeled with different isobaric tags (Table S6) , pooled and re-dried under vacuum. The labeled peptide mixtures were then re-dissolved and purified according to the standard iTRAQ protocol. The pool of labeled samples was subjected to high performance liquid chromatography (HPLC) analysis using an Ultremex fractionation column. The absorbance at 214 nm was monitored and 20 fractions were collected. Peptide pretreatment, procedure optimization, detection of intact peptides in the Orbitrap, and the selection of peptides for MS/MS analysis were carried out using previously described parameters and methods [14] with slight modifications. In this study, a threshold ion count of 20,000 was used in the MS survey scan followed by a 15 s dynamic exclusion duration for precursor ions selection. The electrospray voltage was 1.6 kV, while the automatic gain control (AGC) target was 3e6 for full MS and 1e5 for MS2 to optimize the spectra generated by the Orbitrap. The m/z scan ranges were 350-2000 and 100-1800 Da for MS scans and MS2 scans, respectively.
Peptide and Protein Identification
The raw mass spectrometry data were procedurally converted into the Mascot generic format (MGF) using Proteome Discovery 1.2. The MGF data were then compared against the NCBI non-redundant protein database and the URGI database using the Mascot search engine (Matrix Science, London, UK; version 2.3.02). Because there were more than eight samples, the MGF data were merged into three files during the database search. The Mascot database was set up for protein identification using the fungi-responsive transcriptome of N9134 and the plant species database available at NCBInr/SwissProt/Uniprot/IPI. We used a fragment ion mass tolerance of 0.05 Da and a parent ion tolerance of 10.0 PPM as criteria for the Mascot database search. Identification and quantitation of potential proteins was carried out according to previously described Bgt stress conditions [14] . Similarly, differentially accumulated proteins (DAPs) were defined as those with unadjusted t-test p < 0.05 and ratio of fold changes >1.2 or <0.83. An overall false discovery rate (FDR) was also estimated and the data were analyzed further to identify motifs using InterProScan 5 and the Gibbs Motif Sampler. The identified proteins were annotated with Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways using the Molecular Annotation System (http://bioinfo.capitalbio.com/mas). GO functions and KEGG pathways were examined in DAP enrichment analyses.
Protein-Protein Interaction (PPI) Network Construction
STRING v10.5 [48] was applied to analyze the protein-protein interaction (PPI) of DAPs and DEGs identified in the current study and construct PPI network. The minimum required interaction score parameters was set at the medium confidence level.
Weighted Gene Correlation Network Analysis (WGCNA) and Transcriptome-Proteome-Associated Analysis
To further investigate protein expression profiles following Pst CYR31 infection, we carried out transcriptome-proteome-association analysis using the protein and RNA-Seq data. The transcriptome data were obtained from our previous study (NCBI Sequence Read Archive accession number PRJNA243835) [5] . After removal of low quality reads and screening out ribosomal RNA with bowtie [49] , all reliable reads were assembled using TopHat2 and Cufflinks [50, 51] to reconstruct a gene library referencing the wheat (Chinese spring) genome sequences from URGI (Version v2.2) [52]. Gene expression levels in each sample were evaluated based on the fragments per kilo base of exon model per million of aligned reads (FPKM) values. Differentially expressed genes (DEGs) were selected with DESeq software using the following criteria: fold change ≥2 and FDR ≤0.05. The repeatability of the data for each sample was evaluated by principal component analysis and Pearson correlation analysis of FPKM. Co-expression networks were constructed for transcriptome-proteome-associated analysis using the WGCNA R software package (v1.47) [53] and networks were visualized using Cytoscape_v.3.0.0. Among the 75,906 assembled unigenes, 30,828 genes were selected with FPKM >5 for the WGCNA unsigned co-expression network analysis. Co-expression modules for the large expression database were constructed using the automatic network construction function blockwiseModules with the following settings: power, 10; degree of similarity, 0.75, minModuleSize, 50; mergeCutHeight, 0.3; and TOMType, unsigned. All other parameters of the modules were set to default. The total connectivity, intramodular connectivity (function soft Connectivity), kME (for modular membership, i.e., eigengene-based connectivity), and kME-p-values were calculated for all 30,828 genes. Hub genes with potentially important functions were identified as those with high connectivity.
k-Means Clustering Analysis
Gene expression pattern analysis was used to cluster genes showing similar expression trends at 0, 24, 48, and 72 hpi. To examine the expression pattern of DEGs in each sample, the expression data (in the order of treatment) were normalized to 0, log2 (v1/v0), log2 (v2/v0), log2 (v3/v0), respectively. Clusters were generated using Short Time-series Expression Miner software (STEM, http://www.cs.cmu.edu/~{}jernst/stem) [54] with the following parameters: (1) Change of maximum unit between time-points, 1; (2) maximum output profiles number, 50 (similar profiles are merged); (3) minimum ratio of fold change of DEGs, ≥2. For the profiles generated, p ≤ 0.05 was set as the threshold for statistical significance. All DEGs in each profile were subjected to GO and KEGG pathway enrichment analysis. Following FDR correction, significantly enriched GO terms or pathways were defined as those with Q-values ≤ 0.05.
Conclusions
In this study, we reveal the immense complexity of the mechanisms underlying the responses of wheat to fungal stress.
By conducting a comparative quantitative proteomic analysis of the leaves of Pst-inoculated wheat variety N9134 at 24, 48 and 72 hpi comparing with mock-inoculated controls, we identified 2050, 2190, and 2258 DAPs, respectively. We then performed a transcriptome-proteome-associated analysis of data from RNA-Seq using WGCNA to predict several key resistance genes. The DEGs identified in this analysis were found to be enriched mainly in four co-expressed gene modules, although the Pst infection triggered robust alterations in T. aestivum gene expression. A stress stage-specific module was identified exhibiting features of transcription regulator gene enrichment with similar expression patterns. The homologs of several regulators, including splicing and transcription factors, were identified as hub genes operating in the Pst-induced response network. Meanwhile, the predicted PPI networks from STRING database substantiated the role of splicing factors as key hub nodes. Additionally, 32 proteins induced in the chromosome 1BS were identified as potential candidates for Pst-resistance. Apart from representing a valuable proteomic resource for the characterization of stripe rust resistance pathways at the molecular and biochemical levels, this study provides important insights into the molecular networks underlying the mechanism of wheat defense against Pst. The methodology used in this study can also be used as a reference for narrowing down the field of potential key resistance genes using multi-omics and multi-discipline associated analyses, and hence, will be of interest to researchers involved in the study of plant disease-resistant genes.
